Background: Drug resistance is a common problem in cancer chemotherapy. Results: Transcriptomic and metabolomic data show that resistant leukemia cells exhibit reduced glutamine dependence, enhanced glucose dependence, and altered fatty acid metabolism. Conclusion: The metabolism of resistant leukemia cells is fundamentally rewired. Significance: Understanding the metabolic cost of resistance can lead to novel therapeutic strategies.
Cancer cells that escape induction therapy are a major cause of relapse. Understanding metabolic alterations associated with drug resistance opens up unexplored opportunities for the development of new therapeutic strategies. Here, we applied a broad spectrum of technologies including RNA sequencing, global untargeted metabolomics, and stable isotope labeling mass spectrometry to identify metabolic changes in P-glycoprotein overexpressing T-cell acute lymphoblastic leukemia (ALL) cells, which escaped a therapeutically relevant daunorubicin treatment. We show that compared with sensitive ALL cells, resistant leukemia cells possess a fundamentally rewired central metabolism characterized by reduced dependence on glutamine despite a lack of expression of glutamate-ammonia ligase (GLUL), a higher demand for glucose and an altered rate of fatty acid ␤-oxidation, accompanied by a decreased pantothenic acid uptake capacity. We experimentally validate our findings by selectively targeting components of this metabolic switch, using approved drugs and starvation approaches followed by cell viability analyses in both the ALL cells and in an acute myeloid leukemia (AML) sensitive/resistant cell line pair. We demonstrate how comparative metabolomics and RNA expression profiling of drug-sensitive and -resistant cells expose targetable metabolic changes and potential resistance markers. Our results show that drug resistance is associated with significant metabolic costs in cancer cells, which could be exploited using new therapeutic strategies.
Cancer is a clonal disease progressively producing new subclones displaying altered phenotypic and cytogenetic traits with selection for those that confer growth advantages under specific circumstances (1) (2) (3) . Consequently, under therapeutic pressure, following the principles of natural selection, cancer cell populations that are most adaptive or resistant to treatment will be selected for, resulting in relapsing disease often associated with a worse prognosis (1, 4, 5) . Relapse is commonly accompanied by overexpression of the ATP-binding cassette transporter ABCB1 gene product, P-glycoprotein (P-gp) 3 (multidrug resistance protein 1) (6), a drug efflux pump that is a marker for both tumor resistance to chemotherapy and a more aggressive phenotype (7) (8) (9) . However, P-gp inhibition has been unsuccessful in clinical trials (7, 8) so it is imperative to identify other targetable molecular mechanisms that are essential for cells with a drug-resistant phenotype to improve the prognosis of relapsing leukemia.
Metabolic alterations are part of oncogenesis and tumor progression (10) , and cancer cell metabolism has therefore attracted interest as a target for therapeutic intervention (11) (12) (13) . It is assumed that the development of drug resistance in cancer cells is accompanied by metabolic alterations that may be therapeutically targetable (14) .
So far, only a few studies have analyzed the adaptations of cellular cancer metabolism in a resistance context. One of these studies showed metabolic rewiring to be essential in a lapatinibresistant breast cancer cell line (15) . Another used computational analyses of transcriptomic and metabolomic data on 59 cell lines from different types of cancer to identify a metabolic consensus phenotype associated with tumor cell chemosensitivity to platinum-based drugs (16) .
However, due to the heterogeneity of tumors, merely identifying therapeutic opportunities is not sufficient; it is also necessary to develop methods for predicting which patients will benefit from specific therapeutic regimes. Transcriptional and metabolic changes associated with disease states can be detected using omics technologies, leading to the identification of combinations of prognostic markers such as oncometabolites and transcriptionally regulated metabolic networks. Such indicators could potentially be used to determine when it may be beneficial to treat a particular cancer patient with a drug or drug mixture that is normally used to manage other disease conditions. For example, they may indicate that it would be helpful to treat a patient with fibrates, which are used to reduce blood cholesterol and triglyceride levels (17) .
Our combined approach of transcriptomic and metabolomic profiling revealed a central metabolic switch that occurs in daunorubicin (DNR)-resistant P-gp overexpressing leukemia cells. Compared with DNR-sensitive cells, the resistant cells are more dependent on glucose but less dependent on glutamine and fatty acids. We demonstrate how knowledge gained from combined transcriptomic and metabolomic analyses can be exploited to develop new induction treatment strategies involving drugs approved for unrelated indications with relatively low toxicity, which at relevant concentrations, sensitize resistant leukemia cells to DNR treatment.
EXPERIMENTAL PROCEDURES
Cell Lines and Growth Conditions-CCRF-CEM [CCRF CEM] (ATCC CCL-119 TM ) (CEM) and HL60 (ATCC CCL-240 TM ) leukemia cells were acquired through LGC Standards (Teddington, UK) from the American Type Culture Collection and maintained according to the manufacturer's recommendations. HL60/R10 cells were kindly provided by Professor Sigurd Vitols, Karolinska Institute.
Generation of the Resistant CEM/R2 Cells-CEM cells were grown for 4 days in the presence of 0.1 M DNR diluted from a saline stock solution (9.0 mM) provided by the Karolinska University Hospital Pharmacy (Stockholm, Sweden). The cells' viability was then assessed by staining the dead cells with trypan blue and counting them with a TC10 TM automated cell counter (Bio-Rad); fewer than 1% of the cells were found to be viable. After counting, the cells were washed twice with PBS, supplemented with fresh drug-free medium, and passaged 4 times, after which they were again incubated with 0.1 M DNR, stained, and counted. The proportion of viable cells this time was Ͼ50%. These cells were again washed twice with PBS, transferred to fresh drug-free medium, passaged 4 times, and incubated, this time with 1 M DNR. The above process of washing, passaging, and incubating with DNR was then repeated one last time, using a final DNR concentration of 5 M to yield a CEM cell line with an IC 50 (DNR) of 1.67 M that was designated CEM/R2 (Fig. 1, A and B) .
Proliferation Assays, ATPlite TM (PerkinElmer Life Sciences)-For all experiments, the cells were seeded in black plates with a final density of 15,000 cells/well in 100 l. The relevant treatment was initiated immediately after the wells were seeded. ATPlite TM experiments were performed according to the manufacturer's instructions. For all experiments comparing cells growing in medium containing pantothenic acid versus pantothenic acid reduced medium (RPMI1640 on customer request, Life Technologies), 96 h prior to the actual experiment, the cells were seeded at 250,000 cells/ml in the appropriate medium. 48 h thereafter cells were passaged again in fresh respective medium. For the DNR dose-response curves (Figs. 1, B and C, and 5, H and I), the cells were incubated for 48 h with increasing concentrations of DNR in RPMI1640 with pantothenic acid (HyClone, Fisher Scientific) or without pantothenic acid (Life Technologies) containing 10% FBS (Sigma) or 10% charcoal: dextran-stripped fetal bovine serum (CCS-FBS, Gemini Bio-Products). Cells were incubated for 48 h with or without the P-gp inhibitor valspodar (0.25 M) in the absence (vehicle control dimethyl sulfoxide) or presence of DNR (CEM 1 nM, HL60 5 nM, CEM/R2 0.5 M, HL60/R10 5 M) ( Fig. 1, E and F) .
The glutamine-free RPMI1640 (HyClone, Fisher Scientific) medium was supplemented with 10% FBS, and glutamine (Life Technologies) was added to final concentrations of 0.5, 1, or 2 mM. Cells were incubated for 72 h in the absence or presence of increasing concentrations of glutamine ( Fig. 2, B and C). To analyze the effect of glucose deprivation the cells were incubated in glucose-free RPMI1640 (Life Technologies) or glucose-containing RPMI1640 (HyClone, Fisher Scientific) supplemented with 2.5% FBS for 48 h, or HL60 and HL60/R10 cells for 72 h (Fig. 4, A and B) .
The carnitine palmitoyltransferase (CPT)-1 inhibitor perhexiline and the peroxisome proliferator-activated receptor ␣ agonist fenofibrate, both from Sigma and dissolved in dimethyl sulfoxide, were diluted in RPMI1640 with or without pantothenic acid supplemented with 10% FBS. Cells were incubated for 72 h with perhexiline (CEM, CEM/R2, 2.5 M; and HL60, HL60/R10, 5 M) or fenofibrate (CEM, CEM/R2, 10 M; and HL60, HL60/R10, 20 M) in the presence or absence of DNR (CEM/R2, 0.5 M; and HL60/R10, 5 M) or increasing concentrations of fenofibrate (Figs. 4, C and D, and 5, B-G). The negative/vehicle control wells were treated with a volume of neat dimethyl sulfoxide equal to the volume of drug solution added in the other treatments. P-gp Expression Measurements-CEM or CEM/R2 cells were incubated in normal growth medium (150,000 cells per well) for 48 h, then washed twice with PBS and fixed for 15 min at ambient temperature with 3.7% formaldehyde. After fixation the cells were blocked with 3% BSA containing 1 g of rabbit IgG for 30 min at ambient temperature. After washing, the cells were incubated with anti-P-gp antibody (1:200, in 1% BSA, ambient temperature for 30 min; Thermo Scientific; clone F4). They were then washed twice, incubated with a FITC-labeled goat anti-mouse secondary antibody (1:200, in 1% BSA, ambient temperature for 30 min; Dako Diagnostics, Glostrup, Denmark), and washed twice again. FACS analysis was performed using a Guava easyCyte5 System (Millipore, Billerica, MA), with 10,000 events being counted for each sample.
RNA Sequencing-Two million cells were collected from each of the CEM and CEM/R2 lines. Total RNA was isolated and purified using the Qiagen RNeasy Mini Kit (Hilden, Germany). Samples of each line were prepared in triplicate for expression analysis by RNAseq. A detailed protocol for single cell RNAseq analysis has previously been reported (18, 19) and a very similar method was adopted in this work. Briefly, samples were prepared by adding 10 ng of RNA into each well of a 96-well PCR plate preloaded with lysis buffer. Reverse transcription reagents were added to generate first-strand cDNA. Well-specific barcodes were then introduced by exploiting a reverse transcriptase template-switching mechanism (20) whereby a helper oligonucleotide directs the incorporation of a specific sequence at the 3Ј end of the cDNA molecule. A unique helper oligo containing a distinct 6-bp barcode and a universal primer sequence was added to each well, permitting amplification with a unique primer. All of the mRNA in a given well was thus tagged with a specific 6-bp barcode sequence. After cDNA synthesis, all of the reactions were pooled in a single tube and processed as a single sample. The pooled samples were purified and amplified by single-primer PCR in a single tube. This reduced the cell-to-cell amplification bias, minimizing the number of PCR cycles required. After PCR amplification, the samples were purified, processed, and adapted for Illumina sequencing. The cDNA library was fragmented, end-repaired, A-tailed, and the adapter ligated before making the final cDNA library for sequencing. Then the sample was diluted as necessary before being put in the Illumina sequencing machine. Single-end sequencing reads were generated from the final cDNA libraries. The sample was then loaded in single lanes to obtain a total of 150 -200 million reads per 96-well library. Typically, 10 -14 pmol of each sample was loaded onto the HiSeq 2000. Reads were sorted by barcode and mapped to the human genome using Bowtie (21) . Unmapped reads were discarded and the raw reads of each sample were normalized to transcripts per million. Raw counts for all samples were further normalized to remove non-biological differences caused by sequencing depth. Variance estimation was done using the "estimateDispersions" function that is built into DESeq (22) . Statistical tests based on a negative binomial distribution (22) were used to identify differentially expressed genes between two treatments.
Liquid Chromatography Mass Spectrometry (LC-MS) Measurements-For experiments with 2 H 2 O, 3 ϫ 10 6 cells were cultured for 24 h in 1ϫ RPMI1640 medium supplemented with 10% FBS diluted with either sterile H 2 O or 2 H 2 O (99%) to a final concentration of 30% 2 H 2 O (Cambridge Isotope Laboratories, MA). For untargeted metabolomics, 5 ϫ 10 6 cells were grown for 4 h in 10 ml of RPMI1640 medium supplemented with 10% FBS. The cells were centrifuged, washed at least once with PBS, transferred to a 1.5-ml Eppendorf tube, and lysed/extracted using 200 l of 90:10 methanol:H 2 O to which a small lab-spoon of 0.2 m inner diameter glass beads was added (Retsch). Tubes were placed in a Retsch Beadmill MM 400 and shaken at 30 Hz for 2 min. Eppendorf tubes were transferred to a microcentrifuge kept at 4°C and spun at 14,000 rpm for 10 min after which the supernatant was transferred to LC-MS glass vials, dried down in a speed vacuum concentrator, and stored at Ϫ20°C until analysis. Samples were dissolved in 20 l of 50:50 methanol:H 2 O, of which 2 to 4 l were injected into an Agilent 1290 LC-system connected to either a 6540 or 6550 Agilent Q-TOF mass spectrometer. An electrospray ionization source was used in all of the LC-MS measurements. Data were collected between m/z 70 to 1700 in positive/negative ion mode. The following electrospray ionization settings were used (Agilent Jetstream); gas temperature 300°C, gas flow 8 liters/min, nebulizer pressure 40 p.s.i., sheet gas temperature 350°C, sheet gas flow 11, Vcap 4000, fragmentor 100, Skimmer1 45, and Octa-poleRFPeak 750. All samples were separated using a reverse phase Kinetex C18 column, 100 ϫ 2.1 mm, 2.6 m, 100 Å (Phenomenex, CA). Elution was performed using mixtures of solutions A (H 2 O, 0.1% formic acid) and B (75:25 acetonitrile:isopropyl alcohol, 0.1% formic acid); all solvents were of HPLC grade. All separations were performed at a flow rate of 0.5 ml/min using the following linear solvent gradient: min 0, 5% B; min 8, 95% B; min 10, 95% B; min 10.2, 5% B; min 12, 5% B. Raw data were processed using Mass Hunter Qual, Agilent with the "find by molecular feature" function; the resulting CEF files were further aligned and statistically processed in Mass Profiler Professional (Agilent). Metabolites were identified by comparing their accurate masses, retention times, and in some cases MS/MS spectra to data for synthetic standards obtained from Sigma and Inventia Pty. Ltd. (NSW, Australia).
For pantothenic acid uptake and CoA biosynthesis measurements, 6 ϫ 10 6 cells were grown for 24 h in 10 ml of RPMI1640 (HyClone, Fisher Scientific) supplemented with 10% FBS with or without the addition of 0.25 mg/liter of stable isotope-labeled pantothenic acid ( 13 C 3 15 N 1 ) from Cambridge Isotope Laboratories. The relative concentration of pantothenic acid was measured as described above. De novo synthesis and relative concentrations of CoA and acetyl-CoA were measured using an Agilent 1290 LC system connected to an Agilent 6460 triple quadrupole mass spectrometer. Separation was performed using the reversed phase setup as described above. 
RESULTS

CEM/R2 Cells Are Resistant to DNR and Overexpress P-gp-
To investigate the molecular characteristics of leukemia cells escaping therapy-induced cell death, we applied a three-step selection approach to the ALL cell line CCRF-CEM (CEM) using increasing DNR concentrations of 0.1, 1, and 5 M (Fig.  1A) , to ultimately isolate cells designated CEM/R2 with an IC 50 (DNR) of 1.67 M (Fig. 1B) . This is a clinically relevant drug resistance level as DNR dosing during induction regimens is in the range of 60 -80 mg/m 2 for adult (Ͼ15 years) ALL patients (23) , corresponding to plasma DNR concentrations of ϳ0.2-1.4 M after a 1-h infusion (24) . The generation and characteristics of the HL60/R10 cells are described in Ref. 25 . Experimental validation confirmed an IC 50 (DNR) of 10.46 M for the P-gp overexpressing HL60/R10 cells and 13.73 nM for HL60 cells (Fig. 1C ).
Transcriptional analyses of CEM and CEM/R2 cells using RNAseq revealed, among other things, that the P-gp gene ABCB1 is expressed in CEM/R2 but not in CEM cells (supplemental Table S1 ). Furthermore, FACS analyses revealed cell surface expression of P-gp in CEM/R2 but not CEM cells ( Fig.  1D ). Finally, both of the resistant cell lines, CEM/R2 and HL60/ R10, were sensitized to DNR in the presence of the P-gp inhibitor valspodar but no such effect was observed for sensitive CEM and HL60 cells (Fig. 1, E and F) .
Differential Expression of Metabolism-linked mRNA Transcripts between CEM and CEM/R2 Cells-Transcriptional profiling of CEM and CEM/R2 cells using RNAseq revealed differential expression of 173 transcripts (supplemental Table S1 ). In addition to ABCB1, three genes displayed a reciprocal expression pattern between the CEM and CEM/R2 cells (supplemental Table S1 ). Transcripts encoding DENN/MADD domaincontaining 2D protein (DENND2D), DnaJ homolog subfamily C member 15 (DNAJC15), and glutamate ammonia ligase (GLUL) were detected in CEM but not in CEM/R2 (supplemental Table S1 ). Examination of the RNAseq data further revealed that the canonical pathway exhibiting the most extensive differential expression between CEM/R2 and CEM cells was cholesterol biosynthesis; seven genes from this pathway (MSMO1, FDFT1, DHCR7, DHCR24, SQLE, IDI1, and HMGCS1) were up-regulated in CEM/R2 (supplemental Table S1 ). In addition to GLUL and the 7 genes involved in the cholesterol biosynthesis pathway, another 15 genes whose products are involved in metabolism were differentially expressed in CEM and CEM/R2 cells: GSTM3, PSAT1, MAT2B, DHFR, ASNS, ASS1, BCHE, IDH1, ALDOC, PCCB, MOCS2, ACAA2, PCBD2, SAT2, and SHMT2 (supplemental Table S1 ). Fig. 2A shows a cellular metabolic scheme featuring some of these genes, highlighting their functions and interconnections.
Resistant Cells Depend Less on Glutamine-GLUL is a gene encoding an enzyme that converts glutamate to glutamine. Its transcripts were detected in CEM but not in CEM/R2. This suggests that CEM/R2 lacks glutamine synthase activity and should therefore be more dependent on exogenous glutamine than the parent CEM line, in keeping with previous reports (26) . The lack of glutamine synthase activity in CEM/R2 is further supported by the detected transcriptional down-regulation of PSAT1, ASNS, ASS1, and SLC1A5 ( Fig. 2A) , all of which encode proteins linked to glutamine/glutamate metabolism.
To test the proposal that CEM/R2 cells are more dependent on exogenous glutamine, CEM and CEM/R2 cells were grown in medium containing decreasing concentrations of glutamine ( Fig. 2B) . To our surprise, CEM/R2 cell proliferation was not reduced even in medium containing only 0.5 mM glutamine, in which CEM cell proliferation was reduced by approximately 75%. Hypothesizing that this might reflect a more general metabolic trait of P-gp overexpressing resistant leukemia cells, we compared the glutamine dependence of the AML leukemic cell line HL60 to that of HL60/R10 cells and observed that resistant HL60/R10 cells are also less affected by glutamine deprivation (Fig. 2C) .
Differences in Metabolite Levels between CEM and CEM/R2 Cells-The aim of this study was to investigate the metabolic adaptation of P-gp overexpressing DNR-resistant cells. Because gene expression profiling revealed that the metabolism appeared to be a major phenotypic trait differentiating CEM and CEM/R2 cells, we used a general LC-MS methodology (27) to perform a global metabolomic analysis of CEM and CEM/R2 cells. In total 800 metabolite entities were detected. Using a list of 125 standards, run on the same LC-MS system as the cell samples, we extracted peak height data for metabolites whose concentrations in the drug-resistant CEM/R2 cells differed significantly from those in the sensitive CEM cells (Fig. 3) . The metabolites with the most pronounced differences in abundance between resistant and sensitive cells for the CEM/R2 and HL60/R10 lines are shown in Fig. 3 . Many of these metabolites are associated with fatty acid oxidation (FAO), including 3-hydroxyadipic acid (28) , which was 2-fold higher in the resistant CEM cells and propionyl-, butyryl-, tigloyl-, and isovalerylcarnitine (29) , which were ϳ6 -8-fold lower in resistant CEM/R2 cells than in their sensitive CEM counterparts (Fig. 3) . Both, 3-hydroxyadipic acid and the carnitines displayed an inverse relationship between the CEM and HL60 cell lines (Fig. 3) . Aside from FAO, short chain carnitines can be derived from branched chain amino acid catabolism involving biotin-dependent carboxylases, like, e.g. acetyl-CoA carboxylase, methylcrotonyl-CoA carboxylase, or propionyl-CoA carboxylase (PCCB) (30, 31) . Notably, relative abundance of biotin and transcripts for PCCB were found reduced in resistant cells ( Figs. 2A and  3A ). In addition, relative concentration of tricarboxylic acid cycle (TCA) intermediates citrate and ␣-ketoglutarate were 2to 3-fold lower in the resistant CEM cells. Finally, pantothenic acid (PA), also known as vitamin B5, is a nutritionally essential substance and precursor of coenzyme A (CoA); its levels in CEM/R2 cells were around 4-fold lower than in CEM cells (Fig. 3) .
Resistant Cells Depend More on Glycolysis and Display Differential Sensitivity to the CPT Inhibitor Perhexiline-Both the RNAseq data ( Fig. 2A ) and the 6 -8-fold reduction in the levels of certain carnitines, FAO products, and TCA intermediates in CEM/R2 (Fig. 3A) prompted us to investigate the relative importance of glycolysis and FAO in CEM/R2 and CEM cells. To this end, we grew cancer cells and their respective resistant daughter lines without glucose. The resistant ALL and AML cell lines exhibited significantly lower ATP production than their sensitive counterparts under these conditions (Fig. 4, A  and B) , strongly supporting a higher demand of glucose in the resistant cells.
Second, we analyzed the effect of perhexiline on sensitive and resistant cells. Perhexiline is a drug used to manage angina pectoris via inhibition of CPT-1 and -2, which are responsible for transporting acyl carnitines into the mitochondria. Its impact on CEM cell proliferation was significantly greater than that on CEM/R2 cells (Fig. 4C ), but HL60/R10 cells were more affected by perhexiline than sensitive HL60 cells (Fig. 4D) . . 3A and 4E ). Significant differences between resistant and sensitive cells were observed for shorter chain acyl carnitines but not for those with longer (palmitoyl/ stearoyl) chains (Fig. 4E ). In parallel with this experiment, we grew cells in medium containing 30% 2 H 2 O. The advantage of using general labeling with 2 H 2 O (rather than a specifically labeled FAO substrate such as palmitic acid) to probe carnitine biosynthesis is that the general label reflects the sum of all metabolic reactions contributing to changes in the carnitine pool. Specifically, in the case of acyl carnitines, the 2 H label could be incorporated into the carnitine, during branched-chain amino acid metabolism or during one of the extension steps by which palmitate is elongated to stearoyl-carnitine prior to fatty acid oxidation (32) .
Sensitive CEM Cells Depend More on FAO as Estimated by Pool Size and Relative 2 H Incorporation-The relative abundance of selected acyl carnitines was determined in CEM/R2 and CEM cells (Figs
We tracked the rate of 2 H incorporation by monitoring the isotopomer ratio (I), I 1 /I 0 (33) , which allowed us to examine the de novo formation of the selected acyl carnitines (Fig. 4F) . By comparing the relative concentrations ( Fig. 4E ) and formation (Fig. 4F ) of these acyl carnitines, we found that CEM cells have a higher turnover of butyryl-and stearoyl-carnitine than CEM/R2 cells as the pools of these compounds in CEM cells are similar in size (if not slightly larger) to those of the CEM/R2 cells and the formation rate is higher. This combination of pool and formation data are suggesting that the sensitive cells are more dependent on FAO (Fig. 4G) . CEM/R2 cells exhibit elevated rates of propionyl-and tiglyl-carnitine formation (Fig. 4F ) but have smaller pools of these compounds than sensitive CEM cells ( Fig. 4E ), suggesting an increased turnover of branchedchain amino acids (Fig. 4G ). Short-chain acyl carnitines are oxidized to acetoacetate, which can replenish the TCA.
CEM/R2 Cells Exhibit Reduced Pantothenic Acid Uptake Capacity-The level of PA detected in CEM/R2 cells was 4 times lower than that in CEM cells (Fig. 3) , which could be due to reduced PA uptake or very rapid intracellular turnover of PA into CoA. To distinguish between these two possibilities, CEM and CEM/R2 cells were grown in medium containing stable isotope-labeled PA so that their PA uptake and rate of de novo CoA biosynthesis could be monitored (Fig. 5A ). After 24 h, the PA content of the CEM cell medium was significantly lower than that of the CEM/R2 medium, indicating that CEM cells have a higher PA uptake rate (Fig. 5A ). Furthermore, intracellular levels of stable isotope-labeled PA in CEM/R2 cells were 10 times lower after 24 h than those in CEM cells, confirming the initial metabolomics finding. CoA displayed no difference in pool size in CEM versus CEM/R2 but the rate of de novo CoA biosynthesis was significantly reduced in CEM/R2 cells (Fig.   5A ). This suggests that CEM/R2 cells have a lower capacity for CoA synthesis because their PA uptake capacity is comparatively limited.
CEM/R2 Cells Display an Increased Sensitivity to the FAO/ Fatty Acid Synthesis Activating, Cholesterol Lowering Drug
Fenofibrate-CoA is a central metabolite that links glycolysis and FAO to the TCA as well as being the building block for virtually all lipid derivatives including sterols and fatty acids. The precursor for de novo CoA synthesis is PA, for which the metabolomics analysis revealed a 4-fold lower intracellular concentration and diminished uptake capacity in CEM/R2 cells (Figs. 3A and 5A) . To investigate the effect of FAO perturbation, the cells were treated with increasing concentrations of fenofibrate, a peroxisome proliferator-activated receptor ␣-activating drug that simultaneously increases the rates of FAO and fatty acid synthesis, and is used as a blood cholesterol lowering agent (17) . Intriguingly, CEM/R2 cell proliferation was affected at lower doses of fenofibrate than CEM proliferation (Fig. 5B ). Higher fenofibrate concentrations were required to induce significant effects on HL60 and HL60/R10 cell viability, and HL60/R10 cells were less sensitive than HL60 (Fig. 5C ). Overall, however, both resistant cell lines were sensitized to DNR treatment by co-administration of perhexiline or fenofibrate (Fig. 5D ).
Effect of Reduced Pantothenic Acid Availability on the Efficacy of Perhexiline and Fenofibrate in CEM and CEM/R2
Cells-Perhexiline reduced CEM cell proliferation in non-PArestricted medium but had no effect on CEM cells grown in PA-reduced medium (Fig. 5E ). In contrast, PA availability had no effect on perhexiline efficacy in CEM/R2 cells (Fig. 5F ). No such difference was observed for fenofibrate in either CEM or CEM/R2 cells (Fig. 5, E and F) . However, when challenged by co-administration of 0.25 M DNR in the presence of increasing concentrations of fenofibrate, reducing the availability of PA increased fenofibrate sensitivity (Fig. 5G) .
Reducing the Availability of Pantothenic Acid Slightly Increases CEM/R2 Cells' Sensitivity to DNR-To evaluate the impact of PA on the proliferative capacity of CEM/R2 and CEM cells under drug pressure, we used RPMI medium with/without PA supplementation containing either regular FBS or CCS. CCS is depleted of non-polar components so the CCS-containing medium mimics a cellular environment with a high intracellular demand for fatty acid/sterol synthesis. In the presence of CCS the IC 50 (DNR) for CEM/R2 cells was ϳ2-fold lower for cells growing in PA-reduced medium (Fig. 5H) , demonstrating that PA availability can become limiting for CEM/R2 cells under certain conditions. No such effect was observed for the CEM cells (Fig. 5H) . In FBS-containing medium, the presence Highlighted in red are metabolites that exhibit a lower relative concentration or turnover rate in CEM/R2 ( Figs. 3 and 4, E and F) . A-F, p values were determined using a two-tailed unpaired t test. **, p Յ 0.01; ***, p Յ 0.001. or absence of PA had no effect on DNR sensitivity in either CEM/R2 or CEM cells (Fig. 5I ).
DISCUSSION
To identify and characterize metabolic shifts associated with drug resistance, which could serve as potential markers or targets for individualized therapy, we applied an aggressive selection strategy to obtain a cancerous ALL cell fraction designated CEM/R2 that was capable of tolerating exposure to a clinically relevant DNR concentration (Fig. 1, A and B) . We studied these DNR-resistant, P-gp overexpressing ALL cells using global transcriptional and metabolic profiling approaches. From the resulting data, we generated hypotheses regarding the metabolic vulnerability of the resistant cells. Finally, we tested the validity and generality of our hypotheses by performing cell viability assays in both the CEM/R2 cells and a P-gp overexpressing DNR-resistant AML cell line. Our results are summarized graphically in Fig. 6 .
RNAseq analyses revealed that transcripts of three genes were present in CEM but not in CEM/R2 cells (supplemental Table S1 ). One of these genes was DNAJC15, which encodes a methylation-controlled J protein belonging to the HSP40 family. Loss of expression of this protein has been implicated in de novo chemoresistance in ovarian cancer (34) , whereas its over-expression in an ovarian cancer cell line yielded improved chemosensitivity (35) . Ovarian and breast cancer patients exposed to continuous chemotherapy exhibited lower levels of DNAJC15 protein and enhanced drug resistance (36, 37) . In addition, loss of DNAJC15 has been associated with P-gp overexpression and can modulate cellular responses to altered metabolic conditions by enhancing mitochondrial respiration (38, 39) . Transcripts encoding the DENN/MADD domain containing 2D protein (DENND2D) were also detected in CEM but not CEM/R2 cells. Little is known about the biochemical function of the DENND2D gene product. However, DENND2D overexpression suppressed the proliferation of non-small cell lung cancer cells in vitro and in vivo by inducing apoptosis (40) , implying that its non-expression in the CEM/R2 cells may represent the loss of a tumor suppressing protein. In keeping with this suggestion, it has been proposed that DENND2D could be a useful marker for predicting the progression and early recurrence of all types of gastric cancer (41) . Finally, GLUL transcripts were only detected in CEM cells. Increased glutaminolysis relative to normal proliferating cells is a key characteristic of proliferating cancer cells (14, 42) . However, although CEM/R2 cells lack GLUL transcripts and exhibit reduced levels of transcripts for the glutamine metabolism genes ASNS, ASS1, and the glutamine transporter gene SLC1A5, it appears that they are less dependent on glutamine metabolism than non-resistant CEM cells (Fig. 2, A and B) . This hypothesis was supported by the resistant CEM/R2 and HL60/R10 cell lines' decreased dependence of exogenous glutamine for proliferation (Fig. 2, B and C). Increased GLUL expression was reported to be a prognostic factor predicting a reduced risk of relapse in pre-B ALL (43) ; conversely, glutamine-independent breast cancer cells were associated with increased expression of mesenchymal markers, a more aggressive mouse xenograft phenotype and resistance to chemotherapeutics (44) . Furthermore, silencing of glutaminase, which catalyzes the first step in glutamine-dependent TCA anaplerosis, induced pyruvate carboxylase activity, demonstrating that glutamine metabolism and glycolysis are linked (45) . These reports paired with our experimental evidence (Figs. 2, B and C, and 4, A and B) strongly support an increased dependence on glycolysis in the resistant cells and prompt us to suggest that reductions in GLUL expression and glutamine dependence may reflect a more general adaptation based on metabolic rewiring that accompanies drug resistance in cancer cells.
The results presented herein provide considerable evidence for such metabolic rewiring in resistant cells, including the detected up-regulation of ALDOC transcripts in CEM/R2 cells ( Fig. 2A) , their slightly increased intracellular lactate levels (Fig.  3A) , and their higher sensitivity to glucose depletion (Fig. 4A) , FIGURE 5 . CEM/R2 cells exhibit a decreased pantothenic acid uptake capacity, a higher sensitivity to fenofibrate, and co-administration of fenofibrate or perhexiline together with PA restriction sensitizes resistant cells to DNR treatment. A, stable isotope-labeled 13 C 3 15 N 1 PA was added to medium to trace PA uptake and intracellular PA/CoA concentrations as well as de novo CoA synthesis (top). Fenofibrate curves for CEM and CEM/R2 (B) (n ϭ 5) or HL60 and HL60/R10 cells (C) (n ϭ 3). D, effect of co-administration of fenofibrate (10 M for CEM/R2, 20 M for HL60/R10) or perhexiline (2.5 M for CEM/R2, 5 M for HL60/R10) with DNR (0.5 M for CEM/R2, 5 M for HL60/R10) (n ϭ 4). CEM (E) (n ϭ 5) or CEM/R2 (F) cells (n ϭ 4) were treated with 10 M fenofibrate or 2.5 M perhexiline in the absence and presence of PA. G, CEM/R2 cells are more sensitive to fenofibrate in the presence of 0.25 M DNR when PA availability is decreased (n ϭ 3). B-G, cells were incubated for 72 h. H, reduced availability of PA in the presence of 10% CCS increases the sensitivity of CEM/R2 cells but not CEM cells toward DNR (I) but has no effect on either cell line in the presence of 10% FBS. H and I, Cells were incubated for 48 h (n ϭ 3). Data shown as mean Ϯ S.E.; p values were determined using a two-tailed unpaired t test. all of which suggest a higher rate of glycolysis compared with drug-sensitive CEM cells. In addition, CEM/R2 cells exhibited down-regulation of transcripts involved in FAO, namely ACCA2 and PCCB ( Fig. 2A) , and reduced levels of palmitate, oleate, and short-chain acyl carnitines. This suggests that the drug-resistant cells have a lower rate of FAO and/or branchedchain amino acid metabolism than their sensitive counterparts (Fig. 3A) . In general, carnitines are involved in the transport of fatty acids into the mitochondria. Reductions in their abundance could thus reflect a decreased fatty acid metabolism caused by a lower capability to transport fatty acyl residues inside the mitochondria, implying a reduction in the FAO rate in CEM/R2 cells.
We analyzed the effect of glucose deprivation on CEM and CEM/R2 as well as HL60 and HL60/R10 cells, revealing that both resistant leukemia cell lines are more heavily affected by glucose removal than their sensitive counterparts (Fig. 4, A and  B) . Further experimental evidence for a greater FAO dependence in the drug-sensitive CEM cells was provided by the observation of their greater sensitivity to the CPT inhibitor perhexiline ( Fig. 4C ). CPT-1/2 are responsible for transporting acyl-carnitines into the mitochondria, so enhanced sensitivity to CPT inhibition is likely to reflect a higher demand for fatty acyl residues in the mitochondria. In contrast, perhexiline affected HL60/R10 proliferation but had no effect on HL60 cells (Fig. 4D ). This is consistent with the increased levels of carnitines and decreased content of 3-hydroxyadipic acid detected in HL60/R10 compared with HL60 cells (Fig. 3B ), suggesting that the former have a higher rate of FAO. It is possible that the concentrations of FAO intermediates or metabolites originating from FAO (e.g. 3-hydroxy fatty acids, dioic fatty acids, and carnitines) in tumor-derived cancer cells could serve as indicators or biomarkers for the usefulness of FAO-inhibiting adjuvant therapies.
One remarkable difference between the metabolic profiles for CEM and CEM/R2 cells was that the latter exhibited greatly reduced intracellular levels of pantothenic acid, a nutritionally essential substance and precursor of CoA (Fig. 3 ). We were able to show that this was due to a reduced capacity for PA uptake, which results in a lower intracellular CoA synthesis rate and may represent a metabolic weakness that could provide a therapeutic window (Fig. 5A) . This hypothesis was supported by the following experimental observations. First, the peroxisome proliferator-activated receptor ␣-activating drug fenofibrate, which increases the rates of FAO and fatty acid synthesis (17) and is used to reduce blood cholesterol, affected CEM/R2 cell proliferation at lower doses than CEM (Fig. 5B) . Second, reducing the availability of pantothenic acid increased the sensitivity of CEM/R2 cells to both fenofibrate and DNR treatment (Fig. 5,  G and H) . Fenofibrate has been proposed as an anti-cancer agent acting via an anti-angiogenesis mechanism (46). Our findings suggest it also acts on cancer cells by accelerating acetyl-CoA consumption and thereby perturbing fatty acid/sterol metabolism. Thus, PA uptake and/or metabolism may provide a therapeutic window that could be exploited via dietary restriction of vitamin B5 or inhibition of PA uptake/CoA metabolism. Finally, CEM cell proliferation was not affected by perhexiline treatment when CEM cells were grown in PA-re-stricted medium, suggesting that they retain the ability to switch away from FAO when the availability of PA is low, which was not observed for CEM/R2 cells (Fig. 5, E and F) .
In summary, we have shown that combining transcriptomic and metabolomic data with experimental validation of hypotheses generated from the omics data sets is a powerful way of interrogating complex biological systems. We demonstrate that the central metabolism of P-gp overexpressing, DNR-resistant leukemia cells is fundamentally rewired. The key metabolic traits of these resistant cells are a reduced dependence on glutamine, a lower rate of FAO, and a higher demand for glucose accompanied by a decreased pantothenic acid uptake capacity (Fig. 6 ). However, it remains unclear whether the rewired metabolism is a cause or effect of the acquired resistance. A better understanding of the metabolic cost of resistance could guide the discovery of therapy selection biomarkers and the development of new therapeutic strategies, thereby potentially giving old drugs new tasks.
